ABSTRACT Human joint moment plays an important role in quantitative rehabilitation assessment and exoskeleton robot control. However, the existing moment prediction methods require kinematic and kinetic data of human body as input, and the measurement of them needs special equipment, which makes them unable to be used in an unconstrained environment. According to the situation, this paper develops a novel method where a small number of input variables selected by Elastic Net are used as the input of artificial neural network (ANN) to predict joint moments, which makes the prediction in daily life possible. The method is tested on the experimental data collected from eight healthy subjects that are running on a treadmill at a speed of 2, 3, 4, and 5 m/s, respectively. Taking the right lower limb's 10 electromyography (EMG) and 5 joints angle data as candidate variable sets, Elastic Net is used to obtain the variable coefficients of the right lower limb's four joint moments. The inputs of the ANN determined by the variable coefficients are used to train and predict the joint moments. Prediction accuracy is evaluated by using the normalized root-meansquare error (NRMSE %) and cross correlation coefficient (ρ) between the predicted joint moment and multibody dynamics moment. Results of our study suggest that the method can accurately predict joint moment (NRMSE < 7.89%, ρ > 0.9633) with only 5-6 EMG signals. In conclusion, this method can effectively reduce the input variables while keeping a certain precision, which makes the joint moment prediction simple and out of equipment limitation. This method may facilitate the researches on real-time gait analysis and exoskeleton robot control in motor rehabilitation.
I. INTRODUCTION
Human joint moment is a very important parameter in biomechanics [1] . It is widely used in the quantitative evaluation of motor function [2] - [7] , prosthesis design [8] , [9] The associate editor coordinating the review of this manuscript and approving it for publication was Yongtao Hao. and exoskeleton robot control [10] - [12] . However, due to the complex structure of human body and the diversity of motions, it is difficult to directly measure human joint moment in vivo at present [13] .
Multi-body dynamics is currently the main method of measuring joint moment in laboratory [14] - [17] . It takes kinematics and dynamics data of human body as input to calculate joint moment. However, the kinematics data of human body need to be obtained by 3D motion capture system, and the dynamics data need to be measured by force plate, which makes it impossible to measure joint moment under daily conditions for the measurement is limited by space and equipment [1] . Therefore, a method which is simple enough to measure joint moment in an unconstrained environment is required.
Previous studies [18] - [22] indicate that Artificial Neural Network(ANN) [23] , [24] is good at time series modeling in biomechanics when the mathematical relationship between input and output is unknown. In particular, Koike and Kawato [25] estimated dynamic joint moments at the elbow and shoulder for movements in the horizontal plane with 10 EMG signals serving as the inputs of ANN. Uchiyama et al. [26] also used 7 EMG signals and 2 joint angles as the inputs of ANN to predict the elbow joint moment. Luh et al. [27] , and Song and Tong [28] utilized EMG signals, elbow joint angle and angular velocity to investigate the elbow moment. Kim et al. [29] used an ANN whose inputs were composed of 16 EMG signals, four joint angles and velocities of the elbow and shoulder to estimate multi joint stiffness. Specially, Chandrapal et al. [42] only used five knee extensor and flexor muscles to estimate knee moments. Ardestani et al. [1] used 8 EMG signals and two ground reactions as inputs to predict lower limb joint moments in order to make the measurement simple.
However, as listed, all the above studies are predicting joint moments under laboratory conditions. Quantitative rehabilitation assessment and exoskeleton robot control are more desirable to obtain real-time joint moments under daily conditions so as to get real-time evaluation and control. An effective methodology to predict joint moments under unconstrained environment has not been developed yet. Thus, the goal of this study is to introduce a novel method by decreasing input variables of an ANN model to predict human joint moments, which reduces the dependence of equipment and space.
Recently, de Vries et al. [30] proposed an ANN model including 24 inputs based on kinematics and EMG for estimation of shoulder joint reaction forces outside the motion lab, independent of external forces. But it is difficult to perform for the input variables are too many. Therefore, we propose to utilize Elastic Net to reduce input variables by making them sparser, which makes human joint moments prediction in daily life possible. Elastic Net can effectively eliminate noise features and associated features, thereby input variables and training costs [31] - [33] can be reduced. For the EMG driven musculoskeletal model taking EMG signals and joint angles data as inputs to predict the joint moments of human body [34] , ten major EMG signals and five joint angles of the right leg are selected as candidate signal sets of Elastic Net.
The aim of this study is to decrease the input variables of ANN by Elastic Net which makes the human joint moments prediction under an unconstrained environment possible, and to calculate the joint moments of the right lower extremity. We tested our method on the data recorded from eight healthy subjects who are running on a treadmill at different speeds, i.e. 2, 3, 4 and 5 m/s. To evaluate the prediction ability of our method, a generic ANN is designed and trained with all four speeds data. The ANN predictions are validated by multibody dynamics.
II. MATERIALS AND METHODS

A. EXPERIMENTAL DATA
Experimental data, obtained from eight male subjects (age 29 ± 5 years, height 1.77 ± 0.04 m, mass 70.9 ± 7.0 kg) for biomechanical model calibration and dynamic moment prediction of lower limb were acquired from a publicly available database (https://simtk.org/projects/nmbl_running; accessed on, 5 September 2018). The data include EMG signals of soleus, gastrocnemius medialis, gastrocnemius lateralis, tibialis anterior, vastus medialis, biceps femoris long head, vastus lateralis, gluteus maximus, rectus femoris and gluteus medius. In the experiment, the subjects walked on a treadmill at different speeds, i.e. 2, 3, 4 and 5 m/s. The corresponding data over 6 gait cycles per speed were recorded. A complete description of this publicly available database can be found in [35] .
From [34] , we know that EMG signals and joint angles as the inputs of EMG-driven model can predict joint moments. So, we chose eight subjects' all EMG signals and five joint angles (hip flexion extension angle, hip adduction abduction angle, hip rotation angle, knee flexion extension angle, ankle plantar dorsiflexion angle) as candidate input signals to predict lower limb joint moments. The EMG signals and motion data were filtered, normalized and resampled to obtain 101 time points of each gait.
B. THE INPUT VARIABLE SELECTION
It is difficult to predict the joint moments in a free state, for measuring 10 EMG and 5 angles is complicated. For this reason, we need to sparse these variables to effectively reduce the input variables. Elastic Net is a very good sparse regression algorithm [31] , [32] , [36] . It is widely used in support vector machine [37] , metric learning [33] , [38] , [39] and portfolio optimization [40] , [41] . Elastic Net is a linear regression model using L1 and L2 norm as prior regular training term which allows the learning of the model feasible with a small number of non-zero sparse parameters [32] . Its expression is as follows:
(1) where X is the input variables (10 EMG signals and 5 joint angles), y is the output variable (joint moment), β is the coefficient of input variables. When using the data collected in all speeds (i.e. 2, 3, 4 and 5 m/s) to train the Elastic net, the eight subjects' input variable coefficients (β) of hip-flexion-extension (Hip FE) moment, hip-adductionabduction (Hip AA) moment, knee-flexion-extension (Knee FE) moment and ankle-plantar-dorsiflexion (Ankle PDF) moment are shown in the Fig.1 below.
As Fig.1 shows, in learning process Elastic Net shrinks the coefficients of variables to zero which is unrelated to the output. However, due to the differences in coordination among the muscles of the human motion, there will be some differences in the output-independent variables. Therefore, whether the variable is related to the output is determined by the statistical value of the input variable coefficients' zero numbers. Suppose the correlation is set to 1 and 0, respectively. The expressions are as follows:
where β m i is the input variable coefficient of the m-th input variable of the i-th subject, β m is the input variable coefficient of the m-th input variable. From ''(2),'' the coefficients of each input variable with respect to the output joint moments are obtained, which are shown in Table 1 . 
C. ARTIFICIAL NEURAL NETWORK (ANN)
Due to the successful application of artificial neural network in joint moments prediction [1] , [25] - [30] , [42] , the designed ANN takes joint angles and EMG signals as input and the lower limb joint moments as output. The ANN is run by using the neural network toolbox of MATLAB (v. 2014b, The Math Works, Inc., Natick, MA). Its structure is shown in Fig. 2 below.
As Fig.2 shows, it is a three-layer regression fitting neural network, the number of input layers is determined by Table 1 , and there is 1 output node and 20 hidden neurons. moments prediction ability of the ANN is evaluated. In the test, we randomly selected 4 gait cycles (4 * 101 = 404 time points) data from each tested speed for training, 1 gait cycle (101 time points) for verification and the rest 1 gait cycle (101 time points) for testing. In each gait cycle, the accuracy of the ANN is evaluated by calculating the normalized rootmean-square error (NRMSE, %) and the cross-correlation coefficient (ρ) between predicted joint moment and multibody dynamics moment.
III. RESULTS
The joint moments' prediction results at each speed of subject 6 are shown in Figs.3-6 . It can be seen that the ANN can accurately predict the lower extremity joint moments. The average NRMSE (%) and ρ values at each speed (i.e. 2, 3 ,4 and 5 m/s) of every subject are shown in Figs. 7-8. From Fig.7 , we know that the maximum average NRMSE of each speed are 7.8944%, 7.1282%, 6.2878% and 5.7150%, respectively. From Fig.8 , it can be seen that the minimum average ρ of each speed are 0.9633, 0.9721, 0.9770 and 0.9788, respectively. The average NRMSE (%) and ρ values of each joint moment (i.e. Hip F, Hip AA, Knee FE, Ankle PDF) of every subject are shown in Figs. 9-10. From  Fig.9 , it can be seen that the maximum average NRMSE of each joint moment are severally 7.8944%, 6.2352%, 6.5352% and 6.6976%, respectively. From Fig.10 , we know that the minimum average ρ of each joint moment are severally 0.9633, 0.9736, 0.9770 and 0.9777, respectively. It can be also seen that the ANN has excellent adaptability to different joints and speeds.
IV. DISCUSSION
This study demonstrates that ANN with the input variables decreased by the Elastic Net can be used as a real-time surrogate model to predict joint moments under an unconstrained environment. Different from [1] , [25] - [30] and [42] on joint moments prediction using ANN model in two main aspects, this research avoids the use of marker trajectories and ground reaction force which can be time-consuming and special equipment needed. It also effectively reduces the number of input variables, especially the input of EMG signals, which makes it possible to measure human joint moments in daily life. Our novel method yields a high accuracy of prediction with NRMSE < 7.89%, ρ > 0.9633. Furthermore, the training time is less than one second. Thus, the proposed method is suitable for online gait analysis and exoskeleton robot control in motor rehabilitation which need to obtain joint moments in real time under an unconstrained environment.
Unlike the multi-body dynamics [15] , [16] , [43] our approach releases the necessity of 3D motion capture and force plate which makes it possible to predict joint moments while getting rid of the restrictions of space and equipment.
The input variables consist of joint angles and a small amount of EMG signals, as shown in Table 1 . The joint angles can be measured by inertial magnetic measurement systems [30] and a small amount of EMG signals (5-6) can be easily measured under daily conditions, which makes it possible to predict joint moments in daily life. It also can adapt to the individual differences in the training process, which does not need a musculoskeletal model or a subject-specific scaling, and therefore the error caused by individual differences can VOLUME 7, 2019 It should be mentioned that there are few limitations of the current studies. Firstly, we developed our method based on the data from only 6 gait cycles of each speed. In the future, we will test the proposed method in a larger dataset of each speed. Secondly, input variables were not reduced enough to make the joint moments prediction easy. In addition, the joint moments were estimated by using an inverse dynamics analysis, where the error between predicted moment and the real moment was not available.
V. CONCLUSION
The method proposed in this paper can be developed as an artificial intelligence algorithm to calculate human joint moments with few input variables which makes it possible to predict joint moments under an unconstrained environment. For the future application, the feedback neural network can be employed to predict the real-time joint moments in daily life to control exoskeleton robot.
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